I Summary
This report summarizes progress in the second year of this project. The objective is to develop methods and software to predict the spatial configuration, properties and temporal evolution of microbial colonies in the subsurface. To accomplish this, we integrate models of intracellular processes, cell-host medium exchange and reaction-transport dynamics on the colony scale. At the conclusion of the project, we aim to have the foundations of a predictive mathematical model and software that captures the three scales of these systems -the intracellular, pore, and colony wide spatial scales.
In the second year of the project, we refined our transcriptional regulatory network discovery (TRND) approach that utilizes gene expression data along with phylogenic similarity and gene ontology analyses and applied it successfully to E.coli, human B cells, and Geobacter sulfurreducens. We have developed a new Web interface, GeoGen, which is tailored to the reconstruction of microbial TRNs and solely focuses on Geobacter as one of DOE's high priority microbes. Our developments are designed such that the frameworks for the TRND and GeoGen can readily be used for other microbes of interest to the DOE.
In the context of modeling a single bacterium, we are actively pursuing both steady-state and kinetic approaches. The steady-state approach is based on a flux balance that uses maximizing biomass growth rate as its objective, subjected to various biochemical constraints, for the optimal values of reaction rates and uptake/release of metabolites. For the kinetic approach, we use Karyote, a rigorous cell model developed by us for an earlier DOE grant and the DARPA BioSPICE Project.
We are also investigating the interplay between bacterial colonies and environment at both pore and macroscopic scales. The pore scale models use detailed representations for realistic porous media accounting for the distribution of grain size whereas the macroscopic models employ the Darcy-type flow equations and up-scaled advectivediffusive transport equations for chemical species. We are rigorously testing the relationship between these two scales by evaluating macroscopic parameters using the volume averaging methodology applied to pore scale model results.
II TRN Discovery and Analysis
A Overview A key component of this project is the development and application of tools for TRN discovery. The application of those tools aims at the optimization of the use of microbes in energy production and environmental remediation. In particular, our systems microbiology TRN discovery tools will provide approaches to predict microbial behavior and ultimately to enable the computer-aided design of mutants for prescribed functions that can be performed in an environmentally safe manner. The TRND system is designed to interpret, and ultimately guide, gene expression experiments (Fig. 1) . We have developed a robust methodology to use known TRN information as a training set and augment it by discovering new transcription factor (TF)/gene regulatory interactions by integrating a variety of approaches via a Bayesian framework, as discussed in the paragraphs below, in the appendices, and in our publications cited herein.
The TRN we seek to discover is a list of genes for each of which a set of TFs with up/down regulation is provided. This approach also provides the gene-gene regulation network as the genes that encode the components of each TF are also included in our TRNs. We use multiple methodologies to suggest enhanced TRNs. The result of each methodology is weighed proportional to its success rate using the corresponding training set. This approach goes beyond studies that focus on gene-gene networks as it provides more detailed information (such as gene A is up regulated by TF B) that can be tested experimentally and used in medical and biotechnical applications. We demonstrate that methodologies such as gene ontology and phylogenic similarity provide better results when a preliminary set of TF/gene interactions is used instead of a training set of gene-gene data.
Our TRND Web-based system accepts gene expression microarray data on a microbe of interest as input and yields its TRN as output. This TRN can then be used as input to a second, integrated workflow that creates a Fortran-readable, mathematical cell reaction-transport model of transcription/translation/post-translational processes and analyzes the model to determine factors (e.g., extracellular conditions or mutations) that support distinct types of cell behaviors (e.g., intracellular levels of RNA, proteins, and other genomic and proteomic components). TRND, the database, and the methods it uses are described below.
Fig. 1
Responsive genes from a gene-expression experiment initiate a query to extract an a priori TRN (training set) from our GenDat database. This preliminary TRN is used by our TF-based microarray interpreters and bioinformatics modules as a training set. The results of the individual modules are integrated via a Bayesian approach to discover TF/gene regulatory interactions. Results and the training set are also made available through our new database GeoGen which was developed to facilitate a higher level of collaboration between experimental and computational groups working on Geobacter species.
B
FTF Module Fast Transcription Factor (FTF) module (Sun et al. 2007; Tuncay et al. 2006; Qu et al. 2007 ) was initially developed by us for the DARPA BioSPICE project, and was refined, tested, and integrated into TRND last year. The FTF method is aimed at the construction of TF profiles from expression data. Considering the well-known noise in the data, the FTF algorithm uses a blending of the expression profiles of many genes to compute these TF profiles. Errors in a user-supplied preliminary TRN are corrected by our algorithm. In FTF, regulation of many genes by a given TF allows an integration of many gene responses to yield a given TF profile (TF activity versus time or across conditions). Use of the constructed TF profiles overcomes limitations of other methods wherein it is assumed that the profile of a TF's activity is represented by that of its encoding gene's RNA expression.
Network discovery requires many automated trials of possible TF/gene interactions; thus the FTF algorithm was designed to be extremely efficient. The essential equation on which FTF is based was arrived at empirically after extensive numerical experimentation with synthetic expression data and a known TRN, TF activities, and specified noise. The FTF equation takes the form for gene i up/down regulated by TF n, Given TF profiles constructed as above, a measure of the reliability of a given TF/gene regulatory interaction is determined by correlating the predicted TF profile with the observed gene's RNA expression microarray response. For example, if a TF upregulates a given gene, then the predicted TF profile and the observed microarray response for that gene are likely to be positively correlated. Such arguments are used to correct supplied TF/gene interactions and also to discover additional TF/gene interactions. Scores for FTF predicted interactions are calculated by taking the linear (Pearson) correlation between the predicted TF activities and gene expression data. A synthetic example that illustrates FTF is provided in Appendix A. Applications to E.coli and human B cell data (for which there are extensive gene expression data sets) are summarized in Appendices C and D, respectively.
C
Gene Ontology Module In this TRN construction approach, we use the biological process ontology developed by the Gene Ontology (GO) Consortium (www.geneontology.com) and hypothesize that the likelihood that a gene pair is regulated in the same manner increases with the similarity of their GO descriptions. GO analysis was proposed by Wu et al. (2005) who applied it to find functional modules in E.coli. Each GO term is placed in a directed acyclic graph. The GO similarity score between two genes is based on the number of shared ancestors. As a gene might be assigned multiple GO terms, we seek the maximum similarity score between all possible combinations.
To discover TF/gene interactions, our innovation is to reformulate the GO approach as follows. We assign the maximum of these scores to the gene A/TF B interaction. Although this appears to be a rough estimation of the TF/gene score, our computational experiments have shown that this score clearly distinguishes the probability distributions of the training and random sets of TF/gene interactions (Tuncay et al. 2006; Sun et al. 2006) . We have also used this methodology for G.sulfurreducens as shown in Sect. IV.
D Phylogenic Similarity Module
Phylogenic similarity analysis, also proposed by Wu et al. (2005) , is based on the hypothesis that two genes, from different but related organisms, with large phylogenic similarity score are likely to be in the same functional operon, regulon or pathway. Our innovation compared to previous approaches is the hypothesis that "two genes have high phylogenic similarity score, then they would be regulated in the same manner by the same set of TFs." Based on this hypothesis, we extend the preliminary TRN by calculating phylogenic similarity for gene-gene pairs following the methodology proposed by Wu et al. (2005) (referred to as "likelihood of neighboring profiles" in their work). We have extended the number of genomes used in the analysis from 134 to 229 and used the E.coli TRN as the training set, in contrast to the gene-gene pair training set used by Wu et al. (2005) . Details of the methodology are provided in Appendix B.
E
Multi-Method Integration Given that the TRNs of interest involve many genes and TFs, they are vast and complex. Thus, any one of the methods cited above will not introduce sufficient information to reconstruct the TRN. To address this challenge, we have developed and tested an algorithm for integrating the information from many TRN construction methods. Our algorithm is as follows. TRN construction method k provides a score R k for every possible TF/gene interaction. An experimentally-verified partial TRN from GenDat is used as the training set to determine ( ) 
Here, meth N is the number of TRN construction methods and k w is a weighting factor which we presently set to 1, but which could be optimized using a larger training set. Any TF/gene interaction with a sufficiently high log-sum confidence is accepted, resulting in an integrated predicted TRN. If a method fails to have a prediction for a TF/gene pair, it is excluded from the above calculation.
F
The Nonlinear Dynamical Systems Analysis Module Given the TRN for a microbe of interest, the question still remains regarding how one can derive its full biological implication. To address this challenge, we have developed a dynamical systems analysis module, NDS. NDS accepts a TRN, a list of simple or composite TFs, and the encoding genes of the TFs or TF components as input. NDS then automatically creates a Fortran-readable set of transcriptional/translational/posttranslational reaction-transport, cell-model equations. In turn, the latter is analyzed to identify conditions (e.g., the extracellular medium or mutations) under which various distinct motifs of microbial behaviors are manifested (e.g., specialization in one versus another carbon or oxidation source). We have tested this module using data on human epithelial cells; it was shown that these cells can display dramatic transition as extracellular conditions pass through critical values. Also, it was shown that hysteretic behaviors can be manifest -i.e., over a given range of conditions a cell can display two or more distinct behaviors. Which state is occupied is determined by the initial state of the cell, described by levels of RNA and protein population. In this project, this will allow us to identify regions of extracellular conditions (e.g., temperature, O 2 concentration, nutrient availability, and solid phase composition) that optimize remediation or energy production.
G
The TRND Network Discovery Web-Enabled System Our objective in establishing TRND was to enable a semi-automated workflow that integrates the methods reviewed above in a Web-based format. The input to TRND is a user's gene expression data. Users can also add/edit TRN information and have access to a database of available TRN information (see Sect. III for details). TRND interfaces allow for a range of microarray data formats. To start the computation/analysis, TRND extracts a preliminary TRN from our GenDat database (see Sect. III). Then the user is offered the choice of methods to use in reconstructing the TRN. Extensive editing functionalities are implemented to allow the user to upgrade the preliminary TRN. A visual tutorial is provided on TRND use that is downloadable from our sysbio.indiana.edu Web portal.
H TRND Testing and Validation
In the course of developing the individual modules and the TRND system described above, we have carried out studies to test and validate our techniques and software, gain experience with picking confidence cutoffs, reaction-transport and other parameters, and contribute scientific results. The choice of test/validation biological systems was dictated by (1) the availability of a large set of high-quality, gene-expression, microarray data and (2) the availability of an extensive training set of experimentally verified TF/gene regulatory and process-rate information. Given this validation of the TRND system (see the Appendices), we are applying it to Geobacter (see Sect. IV). The first test case was E.coli as it is believed to have the most well-understood TRN (Appendix C). The second test case was the human B cell as there is abundant high-quality data (336 data sets obtained on the same microarray platform) and adequate TF/gene regulatory information (9,500 TF/gene interactions) in GenDat (see Sect. III). These test cases helped us explore the advantages and weaknesses of the bioinformatics modules explained above.
III The GenDat, TRND Results, and GeoGen Databases
A Overview Three databases have been created as part of our efforts in cellular regulatory network discovery. (1) GenDat is a database of TRN information for multiple species and cell lines. It is designed to provide training sets of experimentally verified TF/gene regulatory interaction information for use with our TRN construction system, TRND. GenDat enables TRND to provide a seamless, semi-automated workflow that yields a TRN given the gene expression data. (2) The TRND Results database provides TRND-predicted regulatory networks to the research community. (3) GeoGen is designed to integrate transcriptional regulatory information from across the Geobacter project; therefore, the objective is to provide a user-friendly interface to a database of TRN (and ultimately other cell regulatory) information on Geobacter species. GeoGen has a subset of the features in GenDat and TRND Results but is reorganized for greater ease of use, and it allows designated project collaborators to edit the database. GeoGen is designed to include computational results from multiple research groups and allows access to binding site information, a feature that doesn't exist in TRND Results and GenDat databases, and large datasets of predictions can be input by our systems manager. In summary, GeoGen provides an integration of efforts on Geobacter to facilitate the activities of both experimental and computational teams.
B
GenDat and TRND Results GenDat (sysbio.indiana.edu/trnd/) is our MySQL database of experimentally verified TRN information. This database holds gene, TF, and TF/gene interaction information. It archives aliases and is drawn from a variety of sources. Associated tables contain sets of predicted TF/gene interactions. GenDat provides the training sets for our TRN discovery workflow, TRND (see Sect. II). In contrast to other databases, it (1) provides up/down regulatory interactions explicitly (i.e., the user is referred to the citations), (2) contains complete entries for specific pathways of interest, (3) can be downloaded to form a large training set, and (4) provides the TRN information in a format that can readily be used in an automated TRN discovery workflow, as in Fig. 1 .
TRND Results is a database of transcriptional regulatory information predicted by of our TRND system. Users may access predictions on a microbe or cell type of interest. The information is organized according to the multiple methodologies used, for each TF/gene interaction and a confidence score is provided. An integrated multi-method confidence score is also provided so that users can choose the level of confidence they wish to adopt to screen out less reliable predictions. Individual methods for which predictions are provided include gene ontology (GO), phylogenic similarity, FTF and correlation analysis.
C
GeoGen: Addressing Geobacter Project Integration GeoGen is an interface and database designed to coordinate computational predictions and experimentally derived results on Geobacter. GeoGen facilitates the integration of results from diverse sources and allows the comparison between the results of the various approaches to network discovery. Predictions generated through computational methods include those from our TRND workflow. Additional experimentally verified information from the literature and computer-generated results will be added by authorized users on a continuous basis.
The entry and editing of data requires a deeper knowledge of the experimental data quality. For example, if incorrect information from GeoGen is used as part of a training set in a subsequent TRN construction, then results would be contaminated. To avoid the propagation of erroneous information from one source to another, not all collaborators should be able to edit all types of data. The present policy on data entry and editing is to allow selected collaborators to enter individual TF/gene interactions through the GeoGen Web interface. Large datasets (e.g., as generated computationally or from a survey of the literature) will be entered by us via our parsers, which will also help to avoid large-scale contamination of the database due to misunderstandings about data formats.
All Geobacter collaborators can extract data from GeoGen via a Web interface. Users may extract various types of information:
(1) all TFs regulating one gene, (2) all genes regulated by one TF, (3) the TRN as a downloadable Excel spreadsheet. (4) TRN information selected by method, multiple methods, and information source. GeoGen is designed to contain a spectrum of additional information:
• binding sites, including multiple sites on a given gene for a specific TF • GSU numbers • nature of the regulation (up/down) for a given TF/gene pair • source of the information • a measure of quality for the information All these options have been fully implemented and we are in the process of adding a greater volume of data. As the needs of the Geobacter project arise, we shall add new types of information and ways of selectively harvesting the information. GeoGen is available at http://sysbio.indiana.edu/geogen. We have tested GeoGen on Explorer 7 (Windows XP), Safari (OS X) and FireFox (all OSs). Since the objective of GeoGen is to provide an integrative function for the Geobacter project, we plan to evolve it in ways that are identified by a consensus of Geobacter project users.
The structure of GeoGen is shown schematically in Fig. 2 . GeoGen is written in MySQL. Using database conventional definitions, symbols in the organization chart are as follows:
PK=primary key FK1=foreign key one FK2=foreign key two FK3=foreign key three GeoGen presently contains TF/gene interactions from sources indicated by (•) while those with (*) will be added once we receive feedback on this report:
• homology-based TRN information from our analysis • TRND multi-method predictions • Information from the literature 1,2,3,4,5 . * Computationally derived files of possible TF/gene interactions obtained by other research groups. As shown in the screenshot in Fig. 3 , access to GeoGen requires a user name and a password. Authorized users can add/revise TRN data through a Web interface. It is the user's responsibility to ensure that revisions and additions are correct. A user can only modify or delete information he/she entered. If data is owned by another user, they can request that it be deleted or changed. Such requests, like many other features of GeoGen, are initiated by a click of the mouse. These features are designed both for convenience and for the minimization of data-entry errors.
To protect the information in GenDat, several measures will be taken. We shall keep daily backups of the database in case of hardware failure, human error, or input of incorrect data. The backups are stored on our local RAID system and on Indiana University's mass storage facility, making loss of information essentially impossible. Once the user is logged on, four options are available as shown in the screenshot of Fig. 4 . A user can search for a given TF or gene, view all TFs or genes, or add/revise data if authorized. As shown in Fig. 5 , the search option leads to a menu where the user can decide to search for a gene, a TF, or, alternatively, view all regulatory information from a user-specified set of methods/sources. Users can enter a gene name or GSU number to search for a gene or a TF (Fig. 6 ) and the corresponding experimentally verified and computationally predicted regulatory network. New method/user categories can easily be added by our system administrator (contact M. Trelinsky at mtrelins@indiana.edu or email ortoleva@indiana.edu). 
D
Identified Caveats in the Discovery of TRNs Two main issues hampering TRN discovery are data quality and translational and posttranslational modifications of TF-gene expression profiles.
Data Quality: if a TF/gene interaction is predicted as a result of a single expression experiment comparing wild and mutated strains, the quality of this information may not be very high due to omnipresent microarray data uncertainty and the likelihood that the TRN of the wildtype itself is not well understood for a given gene. Thus, if TF T up-regulated gene G in the wildtype under the conditions of the reference experiment, a relatively lower expression level in the mutant could be misinterpreted as a down regulation of G by TF T in the mutant if only the expression ratio is used in the analysis. Similarly, the quality of computational predictions has a large degree of variation. Hence, most computationallygenerated TF/gene interactions are accompanied by a score for the method. Its quality can be assessed via a Bayesian approach wherein the probability that an interaction with a given score in the training set is compared with that for a TF/gene pair chosen at random. Such Bayesian measures are provided with all TF/gene interactions predicted by our group. For this reason, we introduced an integer data field that indicates data quality. Hence, users can not only choose a combination of sources (experimental and computational), but also select a data quality cutoff they wish to impose. Quality factors we use presently are temporary and we seek feedback from collaborators to have a consensus for quality. For the computer-generated predictions, we suggest using a quality scale based on Bayesian ratios.
(Post-)Translational Modifications: It is a common misconception that TF activity can be represented by the expression of the TF-encoding gene. However, translational and posttranslational processes can break the correlation between TF and gene expression profiles. Thus, the common notion of a gene-gene regulatory network should be viewed with caution. This leads to the potential misuse of data from the literature. A statement in the literature that gene A is regulated by TF X may be missing the fact that gene A is regulated by TF Y which was over-expressed due to an enhanced transcription of gene B that encodes TF X -i.e., the regulation of gene A by TF X is actually indirect. Mixing direct and indirect regulatory information in any TRN construction work must be done with great care and can lead to erroneous conclusions. We shall add a new field to discriminate between direct and indirect regulation if there is an expression of interest.
E
Upcoming GeoGen Upgrades A number of features that can readily be added to GeoGen will be included after receiving feedback on the present version. Examples for discussion include the following:
• options to include multiple Geobacter strains and to merge TRNs from different strains according to a user-controlled algorithm • external links to provide further information for genes and TFs • Excel headers showing the sources of the data • greater filtering selection of data sources, e.g., by user method and confidence • statistics and graphics on the TRN assembled according to the user-specified filter • spider Web-like network images for the user-assembled TRN
• automated training set construction for TRND input to generate an augmented TRN based on user-supplied gene expression data • advanced network analysis modules that can identify subnetworks that lead to dramatic behavioral transitions due to biochemical feedback (e.g., associated with the existence of multiple steady states for the same microenvironment, oscillatory states for time-independent microenvironment, and the tendency toward asymmetric division).
IV G.sulfurreducens TRN Construction
We are attempting to assemble a TRN for G.sulfurreducens of broad enough scope to enable computer-aided design of DOE-relevant systems. Progress to date and data sources are as follows.
A Homolog-Based TRN Training Set A first-pass G.sulfurreducens TRN was created by identifying genes which are homologous to those in E.coli and B.subtillis. For example, suppose a TF up-regulates a given operon in E.coli in which genes g1, g2 and g3 are located. If there are homologs of the TF and these genes (in a single operon) in G.sulfurreducens, and all genes are transcribed in the same direction, then we assume that the same TF/gene interactions are likely to occur in G.sulfurreducens. In Table 1 , we present the list of TFs that were common in E.coli, B.subtilis, and G.sulfurreducens. With this, we produced a preliminary TRN of 277 genes, 30 TFs, and 518 interactions ( Table 2 ). Sources of the interaction information were EcoCyc for E.coli and http://dbtbs.hgc.jp for B.subtilis. 
TFs from E.coli TFs from B.subtilis Table 2 Number of genes regulated by each TF in the preliminary TRN.
All G.sulfurreducens genes have been entered into the GenDat and GeoGen databases, with annotations from TIGR. The TFs and interactions in the preliminary network obtained from homology have also been entered. In GenDat, the TFs are labeled as belonging to organism "Geobacter homolog" to differentiate them from experimentally verified TFs and interactions belonging to "G.sulfurreducens" (which are entered continuously as they become available).
B
GO and Phylogenetic Similarity Analyses A GO analysis (as described in Sect. II) was carried out, producing similarity scores for every possible gene-gene pair. This scoring indicates how closely genes are related in the gene ontology tree. These scores were then used with the preliminary homolog-based network (noted above) to obtain GO scores for all possible TF/gene pairs. A summary of the results is shown in Fig. 11 while the detailed TRN is in GeoGen. Application of our GO approach to E.coli shows that it provides TF/gene interactions with a high level of confidence.
We also performed a phylogenic similarity analysis based on the hypothesis that two genes with high phylogenic similarity score (they exist in a similar set of bacteria, in similar locations), then they would be regulated in the same manner by the same set of TFs. Our results for E.coli support this hypothesis so that, as with GO, we felt confident that it could be used to augment our preliminary G.sulfurreducens TRN. To calculate the phylogenic similarity scores, we first constructed a vector for each gene, the dimension of the vector being the number of genomes used in the analysis (229 as of December 2006). Then we use BLASTP to identify orthologous genes of a target genome in the reference genomes. If there is an orthologous gene in the i th genome, then the i th entry in this vector is assigned the order of the orthologous gene in the i th genome. If an orthologous gene does not exist in the i th genome, then this entry is taken to be zero. Once such a vector for each gene is constructed, we compute a phylogenic similarity measure for each gene pair using the expression provided in Appendix B. In Fig. 12 , we show that TF/gene interactions in the preliminary network have significantly higher scores than a random TF/gene score. In TF_GSU1702  2  TF_GSU1887  7  TF_GSU1935  2  TF_GSU2484  9  TF_GSU2571  4  TF_GSU2787  5  TF_GSU2915  3  TF_GSU2946  8  TF_GSU2964  22  TF_GSU2980  5  TF_GSU3053  39  TF_GSU3089  89  TF_GSU3118  51  TF_GSU3229  7  TF_GSU3421  95   TF_GSU0000.1  5  TF_GSU0031  2  TF_GSU0359  13  TF_GSU0372  22  TF_GSU0514  2  TF_GSU1003  69  TF_GSU1037  4  TF_GSU1102  12  TF_GSU1129  10  TF_GSU1270  6  TF_GSU1293  2  TF_GSU1320  3  TF_GSU1379  7  TF_GSU1525  10  TF_GSU1617  3 order to test whether GO and phylogenetic scores are correlated, for each GO score (between 2 and 13), we calculated the percentage of TF/gene pairs that scored higher than 500 in the phylogenetic similarity analysis. Fig. 13 shows that as GO scores increase, the probability of high phylogenetic scores increase as well.
Fig. 11
Probability distributions for the GO scores for the TF/gene interactions in the preliminary TRN and all possible TF/gene pairs. These results suggest that, as also shown for E.coli and human B cell the hypothesis that genes that share more ancestors in the gene ontology tree are more likely to be regulated by the same set of TFs.
Fig. 12
Probability distributions for the phylogenic similarity scores for the TF/gene interactions in the preliminary TRN and all possible TF/gene pairs. As in Fig. 11 , a statistically significant difference between the probability density functions are observed.
Fig. 13
Among the set of TF/gene interactions with a given GO score, we calculated the fraction of TF/gene interactions that scored higher than 500. The graph shows that high GO scores imply high phylogenetic scores.
C Assembling and Reformatting Available Expression Data for G.sulfurreducens
Information on the experiments listed on the Geobacter project Web site has been collected in an Excel spreadsheet and divided into various groups based on the control strain and experimental conditions. We have downloaded gene expression data for the experiments in the largest group (Group 1 with 20 experiments). The data has been reviewed critically and processed to prepare it for input to our TRND network construction system (sysbio.indiana.edu). This has involved writing scripts for a number of file formats to determine which genes had bad data versus those that were not differentially expressed; we also combined that information with the expression ratios for differentially expressed genes. Finally, a single file containing expression ratios for all G.sulfurreducens genes in the Group 1 experiments was constructed. 18 sets of expression data that were obtained using the same control cells were identified. Experiment numbers, source and condition are provided in Table 3 .
If Significance Analysis of Microarrays (SAM) related files were available, we used the SAM analysis to create the list of differentially expressed genes and the associated expression ratios. We only kept genes with at least two reliable data in biological replicate experiments. If Linear Models of Microarray Data (Limma) files were available, we used the Limma analysis tool and set the cutoff p-value at 0.05 to calculate the differentially expressed genes. If neither SAM nor Limma files were available, we used the provided list of differentially expressed genes which may have been derived from a table in a paper. The final number of genes was 3,537. However, the majority of the genes were only expressed in a small fraction of experiments.
D
Inconsistencies in the Microarray Data Although descriptions for experiments 0035-GSUL and 0063-GSUL (Table 3 below) seem identical, our review of the expression data showed large variations between University of Massachusetts and TIGR platforms. We also observed a significant variation between two experiments under identical conditions from the same laboratory (0056-GSUL and 0076-GSUL with amplified RNA). We removed 0076-GSUL from our analysis as suggested by University of Massachusetts researchers. The number of experiments was significantly fewer than that we used to demonstrate TRND on E.coli (65 experiments) and human B cells (336 experiments). First we made an attempt to include all genes, regardless of the number of experiments in which they were differentially expressed. The probability distributions of our FTF score for TF/gene interactions in the random and training sets were indistinguishable, in sharp contrast with our results using FTF on E.coli or human B cells. This suggests that either the data or this all-gene approach yields no TRN information. As our Bayesian multi-method integration approach uses the ratio of these probability distributions (see Sect. II: Multi-Method Integration), this result means that useful information cannot even be obtained from expression data in this case even when integrated with GO or other method.
E
Microarray Information Content Improved by Gene Elimination To address the aforementioned microarray data difficulties, we decided to only include genes with greater than 5 data points/conditions to avoid contamination of predictions with unreliable data correlations. Fig. 14 shows that 10% of the genes were not differentially expressed in any of the experiments, 18%, 24%, and 20% were expressed in one, two and three experiments, respectively. Analysis of the data showed that only 241 genes were differentially expressed in more than 5 experiments. We applied FTF to this limited ("significant") data. In this case, a clear difference between probability distributions for random and training sets was observed (Fig. 15) . This result shows that our methodology for analyzing expression data applies to G.sulfurreducens and predictions for a greater number of genes and TFs will be made as the number of expression datasets increases. (93%) were differentially expressed in less than 6 experiments. Therefore they had to be excluded from the expression analysis. However, they were included in GO and phylogenetic similarity analysis.
Fig. 15
Probability distributions for FTF scores for the TF/gene interactions in the preliminary TRN and all possible TF/gene pairs. This result was obtained using only 241 genes which were differentially expressed in 6 or more experiments. These results, although obtained with a very limited number of genes and TF/gene interactions, are similar to those obtained for E.coli and B cells (Appendices C and D). Therefore, we anticipate that as number of expression data sets increase, we will obtain more reliable results for a growing number of genes. Multi-Method Integration for G.sulfurreducens The GO, phylogenic similarity and FTF results were used with the homology-based, firstpass training set to obtain a predicted TRN via our multi-method integration approach. This result, along with the individual scores that were used for the integration, is posted at our GeoGen Web page (http://sysbio.indiana.edu/geogen). Fig. 16 shows a clear distinction between the random and training sets. Scores for 84,435 TF/gene pairs were calculated. Only 2,548 TF/gene pairs were assigned scores for the three methodologies due to the limited availability of expression data. The highest scoring 169 TF/gene interactions are not in the training set provided in Appendix E. While a computational method can generate thousands of predictions, only by accompanying each of them with a score/quality measure can one know the subset that is credible. Thus, we conclude:
1. Our approach has great promise for delivering a G.sulfurreducens TRN, and 2. all TRN information in GeoGen should, we suggest, be accompanied with a score and a Bayesian ratio graph so that its credibility can be evaluated. 
V Cell-Environment Interaction
Three main avenues have been investigated to connect supra-pore scale environmental conditions to microbial cell metabolism: substrate abundance, energetic regulation, and differences reflected in intrinsic genetic potential at the modulon level. An existing project examining the physiology of marine Roseobacters (Dr. M. A. Moran, UGA, lead PI) provided the opportunity for the Meile group to participate in a comparative genome analysis of Silicibacter. No significant variation in genetic potential related to redox sensing at the modulon level related was apparent between closely related organisms (Silicibacter pomeroyi, Silicibacter sp. M1040, Jannaschia Sp. CCS1) that inhabit distinct ecological niches. As a consequence, this avenue was not pursued further. A manuscript involving C. Meile has been submitted to Applied and Environmental Microbiology (Moran et al. in revision) .
A second research avenue considered the role of free energy yield in determining the dominant metabolic pathways as it was suggested earlier that H 2 concentrations reflect the active microbial processes (e.g., Hoehler et al. 1998 ). In collaboration with Dr. S. B. Joye (University of Georgia at Athens, lead PI), we correlated energy yields based on substrate and product concentration measurements with measured process rates (acetogenesis, H 2 based methanogenesis, H 2 based sulfate reduction, acetate based methanogenesis and acetate based sulfate reduction) in a seafloor brine system. We found that the free energy of reaction and the corresponding measured process rates correlate poorly, illustrating potential limitations of this approach in the field. A manuscript is in preparation (Joye et al. in prep.) .
As a consequence of the limitations to the above two approaches, we have focused on the simulation of a set of chemical substances that are known to be of importance in microbial metabolism. These substances can be tracked at the field scale, allowing us to compare model predictions and experimental measurements. We are currently developing models at three levels to accomplish this: metabolism of a single bacterium and reactiontransport modeling at the pore and field scales.
A
Cellular metabolism formulation We are pursuing two complementary avenues: A steady-state approach and a fully kinetic approach. For the steady-state approach, we have adapted the work by Mahadevan et al. (2006) . In their metabolic network reconstruction that is based on genome analysis, they use a constraint-based modeling approach to estimate steady state intracellular fluxes and metabolite exchange with the environment. Mathematically, this approach can be formulated as a linear programming problem where the metabolic fluxes or reaction rates (f), in a network described by a stoichiometric matrix S, satisfy S*f = 0 (i.e., steady state) and adhere to a given set of physiological constraints on the magnitude of the fluxes. The solution (values for f) is then determined by optimizing for a specific biological function (for example maximum biomass growth). We have implemented the model of Mahadevan et al. (2006) in Matlab to estimate the metabolic fluxes under different conditions, e.g., acetate uptake fluxes. This allows us to estimate -for a given limiting substrate uptake flux -growth rates and uptake or release of metabolites accounted for in the model.
The complementary approach we have recently initiated uses Karyote and focuses on a kinetic description of the TCA cycle. Focusing on availability and use of acetate (Table 4) , Karyote predicts the concentrations of enzymes and metabolites within the cell. This approach has the benefit of resolving the dynamic nature of cell processes, but requires a great deal of knowledge about the metabolism of the organism of interest. While extensive studies have yet to be performed on the complete list of metabolic enzymes, limited data does exist to describe enzymes of importance in the uptake and use of acetate. In G.sulfurreducens, the utilization and fate of acetate can be described by three distinct and separate sections of metabolism (Table 4 ). The first steps involve the uptake and activation of acetate by the cell. The conversion of acetate into acetyl-CoA can occur by two different mechanisms. One is the direct conversion by phosphate transacetylase and acetate kinase. The alternative enzyme in acetate activation is acetyl-CoA transferase, which produces acetyl-CoA and succinate from succinyl-CoA and acetate. Next, the acetyl-CoA can be utilized by citrate synthase in the TCA cycle for ATP generation or it can be used by pyruvate-ferredoxin oxidoreductase to produce pyruvate for gluconeogenesis. Previous modeling studies have demonstrated that the fate of most acetate in the cell is through ATP generation (Mahadevan et al. 2006) . The remaining acetate is used for cell growth. The flux of acetate from pyruvate through 2-phosphoglycerate, which is incorporated into biomass, can hence be used to determine cellular growth rates, which can be incorporated into larger (pore or macro-) scale models. We are currently in the process of implementing the reactions provided in Table 4 . Table 4 Enzyme and reactions relating to acetate modeled in Karyote. While a large portion of the kinetic parameters used came directly from Geobacter, some data is being obtained from other organisms.
B Reaction-Transport Model Developments

Pore Scale
To investigate the interplay between transport of chemicals and cellular functioning, we have implemented a 2-D representation of the pore scale using a finite element approach in COMSOL. We compute the flow field in a 6mm x 3mm domain, by imposing a pressure gradient and using periodic boundary conditions along the flow direction (Fig. 17) . We then include expressions for the evolution of substrate concentrations and compute biomass distribution both in solution and attached to grain surfaces, subject to growth, death, sorption, and transport in the fluid phase. Growth and acetate uptake are computed either via a Monod-type dependency and growth efficiency, taking into account minimum acetate requirements, or using the results from the linear programming approach (see above). Preliminary results at this small scale indicate that under typical flow and production/consumption conditions, relatively small variation in substrate and biomass distribution at the pore scale is to be expected. Spatial heterogeneity of these distributions, however, can become significant in the presence of moving fronts (based on scenarios motivated by large scale model simulations; see below). This work has been part of a poster presentation at the Academy of the Environment meeting at the University of Georgia, and an invited talk at the American Society of Limnology and Oceanography (King and Meile 2006; Meile et al. 2007 ).
Fig. 17
Representation of flow velocities in a 2-D porous medium (~ 6mm by 3mm). Colors and streamlines depict fluid flow whereas white areas illustrate the grains within the system. The arrow represents the dominant flow direction along the imposed pressure gradient. The domain is periodic and represents a torus, i.e., outflow on the left and top is inflow at the right and bottom, and vice versa.
Large Scale
To provide pore scale simulations with a larger scale context, we are implementing reaction-transport models that are based on volume averaged properties. We compute concentration fields in porous media using a finite element approach, and use operator splitting method to achieve a modular code design (Appendix F). The governing equations solved are Scheidegger (1961) , v r is the flow velocity and R is the net reaction rate per volume of a given phase, resulting from an arbitrary, user-defined set of reactions.
Building on a scenario of subsurface phenol contamination, we are currently investigating the impact of using a comprehensive reaction network. We are therefore expanding the set of processes taken into account in Watson et al. (2005) who considered primary reactions (i.e., reactions related to the breakdown of organic matter or contaminant derived electron donor) and sorption processes, by including secondary reactions -those that describe the interaction between reduced substances produced in the primary reactions (Fig. 18) . a. b. 
VI Conclusions
• TRN results on E.coli, B cell and G.sulfurreducens show that our TRND approach is now mature and it can be applied to microbes of interest to the DOE.
• We now have a fairly broad metabolic and transcriptional regulatory network for G.sulfurreducens.
• We have made progress in modeling both pore and macroscopic scale reactiontransport models. We will expand on our initial pore scale model by investigating a more comprehensive reaction network, in particular the role of surface associated processes.
• We shall finalize our new pore scale model to resolve the three-dimensional nature of the porous media. We are currently working on the incorporation of a 3-D Stokes flow field with a comprehensive reaction network in Fortran.
• We shall complete the installation of our nonlinear dynamical systems analysis module as an additional site on our portal (sysbio.indiana.edu). Thus, with TRN information and associated transcription, translation and post-translational data as input, this workflow will allow one to discover conditions for which cell genomic/proteomic behavior will support one set of pathways, as well as conditions at which dramatic pathway switching will occur. 
Appendix A: Construction of TF Activities
To test FTF we generated a TRN that consists of 1,000 genes and 100 TFs. The properties of the TRN are shown in Fig. A1 . The synthetic expression data was generated by assumed random TF activities. Expression data for gene i was generated using T is the activity of TF n in experiment r, TF N is the number of TFs, and in Q is a measure of the binding affinity of TF j and gene i. Values of in Q were allowed to change 20 fold and were generated randomly (in the logarithmic scale). Our synthetic examples with large TRNs show that, despite the simplicity of the FTF approach, the constructed TF activity profiles are reliable. For example, for a TRN that has the properties shown in Fig. A1 , even when we eliminate 50% of the TRN to create a "preliminary TRN", 90% of the constructed TF activities have a correlation coefficient of at least 0.70 with the TF activities used to generate the synthetic expression data (when 20 or more microarray experimental conditions were used). Fig. A2 shows the dependence of the results on the number of experiments. This graph shows that, for practical reason, it is not feasible to recover the full network. Fig. A3a shows the effect of network structure on the results. As the network gets denser, the percentage of the network that can be recovered decreases. Fig. A3b illustrates the dependence of the percentage of recovery on the degree of incompleteness in the preliminary TRN. As anticipated, more complete preliminary TRNs allow a higher percentage of the unknown part of the network to be recovered using expression data. These results suggest that in a real world application such as E.coli (for which we have probably less than 40% of the TRN -based on the number of TF/gene interactions known and expected number of TFs), one can not expect to construct the full TRN using expression data alone, regardless of the number of expression datasets available.
a) b)
Fig. A1 Properties of TRNs used in the synthetic examples. Networks that consist of 1,000 genes and 100 TFs are generated using the probability distribution for the number of genes regulated by a given TF shown in (a). The corresponding probability distribution for the number of regulators per gene is shown in (b). The average number of regulators per gene is 3.62, 5.22, and 7.02 for Networks 1, 2 and 3, respectively. Equal likelihood is chosen for up versus down regulation.
Fig. A2 Reconstruction of TRNs. We have used the Network 1 of Fig. A1 and generated synthetic expression data. Then, we eliminated 50% of the network (randomly), and used FTF to reconstruct the deleted network. Fig. a) shows the percentage of the deleted network recovered as a function of success rate, a measure of the likelihood that an interaction is correct, as estimated from the training set (known interactions). As the number of microarray experiments increases, a higher percentage of the network can be reconstructed. However, full reconstruction requires too many experiments. Fig. b) shows success rate as a function of the absolute value of the linear correlation between the constructed TF activity profiles and gene expression data.
Fig. A3 Effect of TRN properties. We used Networks 1, 2 and 3 of Fig. 3 to generate 100 synthetic expression data sets, and eliminated 50% of the TF/gene interactions in the TRN. Shown is the percentage of the deleted network recovered as a function of success rate. As the number interactions increases, the percentage of the network that can be recovered decreases. b) Same as a) except we used Network 1 and eliminated 25%, 50%, and 75% of the network. As expected, higher percentage of the deleted network is recoverable when a more complete network is known.
Appendix B: Phylogenic Similarity Analysis
We first construct a vector for each gene in E.coli, the dimension of the vector being the number of genomes used in the analysis (in this study 229). We applied BLASTP to identify probable orthologous genes of a target genome in 229 reference genomes. The most significant BLASTP hit from each reference species was considered the true ortholog of the target species if the expectation value was less than 1. 0e-10 (McCue et al. 2001 
for gene i and similarly j X for gene j, we use the following phylogenic similarity measure for a gene pair: 
Appendix C: Application to E.coli
We used expression data obtained from NIH GEO (GSE7, GSE8, GSE9 -65 datasets) and a training set of TF/gene interaction from EcoCyc (www.ecocyc.org). EcoCyc includes E.coli operons, promoters, TFs, and TF binding sites and describes the mechanisms of transcriptional regulation of E.coli genes. It contains the most complete description of the genetic network of any organism. EcoCyc and RegulonDB (Salgado et al. 2004 ) are curated to ensure that their data content is the same. The preliminary TRN used in this study included 984 genes, 144 TFs, and 2007 TF/gene interactions. Out of the 2,007 TF/gene interactions, 1,124 were up regulation, 766 were down regulation, 5 were uncertain, and 112 were dual regulation (both up/down). All methodologies provided in Sect. II.3 were used to calculate the final score (Sect. II.4) for all possible TF/gene interactions. All bacterial sequence information was downloaded from ftp://ftp.ncbi.nih.gov/genomes/Bacteria. The probability distributions of the integrated confidence score for the training and complete TF/gene sets are shown in Fig. C1 . We applied a threshold of 1.3 to this score to find the most likely TF/gene interactions. The suggested TRN includes 3,694 new TF/gene interactions. After we performed the calculations we found 206 more TF/gene interactions in the RegulonDB (Salgado et al. 2004) and EcoCyc databases that were not included in the training set. 44 out of 206 regulatory interactions were predicted by our methodology. Out of 44 interactions, the nature of the regulation was correctly predicted for 33 of them. Regulation type couldn't be obtained for 7 interactions. The p-value for predicting at least 44 out of 206 TF/gene interactions to be less than 1.0e-50 (expected proportion=3.5e-04, number observed=44, sample size=3,694). We also used the gene expression data to further test the suggested TRN as follows. We obtained approximate TF activities for both the training and suggested TRNs. Then, for each gene we calculated the linear correlation coefficient between the expression data and the sum of TF activity profiles (all TFs affecting the gene, accounting separately up versus down regulation). Higher scores indicated better consistency between expression data and TRN. The average scores for the training TRN and the suggested TRN were 0.47 and 0.54, respectively, showing an improvement in the overall consistency of the TRN with gene expression profiles. When the same number of interactions is introduced randomly, average score drops to 0.43 (average of 1,000 Monte Carlo simulations). 
Fig. D1
Comparison of the probability distributions of GO similarity scores of the training set (dashed) and the random set (solid). The training set consists of all known TF/gene interactions for those genes with GO terms assigned. The random set consists of all possible TF/gene interactions for those genes with GO terms assigned. It is seen that higher GO similarity score implies higher likelihood of a TF/gene interaction, particularly when the GO similarity score is larger than 9.
Fig. D2
Probability distribution of FTF scores for the training set (dashed) and the random set (solid). The x-axis is the interaction score while the y-axis here and in Figs 3 to 7, shows the probability density (i.e., probability per score interval) and not probability fraction, thus values can be greater than one but the integrated area is equal to one. 
Validation 1: P130 and E2F4
After we prepared the preliminary TRN and obtained the enhanced TRN using the methodology described above, we located a manuscript by Cam et al. (2004) on transcription factors P130 and E2F4. In the following, we compare our predictions with their experimental results. The E2F family of TFs, which includes E2F1 to E2F7, regulates cell proliferation. P130 is a tumor repressor protein that falls into the pRB protein family, also known as pocket proteins. Pocket proteins directly inhibit E2F and recruit other factors to down regulate gene expression. E2F activity is also regulated through direct interactions with cyclin A, SP1 and P53 (Johnson 1998). All naturally occurring pocket family mutants isolated from human tumors lack the ability to bind and negatively regulate E2F. Cam et al. (2004) used genome-wide analysis of TF occupancy (via chromatin immunoprecipitation on microarrays -ChIP-on-Chip) for E2F4 and P130. Three arrest conditions were studied: quiescent and contact inhibited T98G cells and P16
INK4A induced arrest of U2OS cells. 272 genes were found to be targeted by E2F4, P130, or both under any of the three conditions of growth arrest (Table 1, Cam et al. 2000) . 171 of these target genes were found in the B cell expression data. At least 88% of the P130 and E2F4 targets were common to all 3 arrest conditions.
In the preliminary TRN, 12 genes were regulated by E2F4 (2 of them were found in Cam et al. 2004 ) and 43 genes were regulated by P130 (4 of them were found in Cam et al. 2004) . 3 genes were coregulated by P130 and E2F4. Therefore, not only were the training sets for these TFs small, they also overlapped a very small set of those reported by Cam et al. (2000) . TRND yielded 419 and 750 TF/gene interactions for E2F4 and P130, respectively. 50 (for E2F4) and 55 (P130) target genes that scored higher than the threshold were also reported in Cam et al. (2004) . The p-value for this success rate (using a binary probability distribution) is much less than 1.0e-30. Co-regulation by P130 and E2F4 was an outcome of this study, despite the poor training sets. Fig. D5a is a scatter graph for expression of genes E2F4 and RBL2 (which codes for P130). The correlation coefficient is found to be -0.36. Fig. D5b shows the scatter graph for the activities of TFs E2F4 and P130. The correlation coefficient is calculated to be -0.80. Therefore, although E2F4 and RBL2 expression patterns were not highly correlated, due to post-translational modifications, the activities of these two TFs were found to be related, and a common set of targets were identified. Validation 2: C-MYC B cell expression data was also used by Basso et al. (2005) who made predictions for the TF C-MYC and compared the results with those available at www.myccancergene.org. Our training set for the C-MYC TF included 44 genes, 22 of them were identified as C-MYC targets at www.myccancergene.org. TRND provided 542 C-MYC targets, 190 of these predictions were identified as C-MYC targets at www.myccancergene.org. In this particular case, the correlation between MYC expression and our predicted TF C-MYC activity was fairly high, 0.49. Therefore, the assumption of representing C-MYC activity by the MYC expression pattern is justified. As a result, all three methods (TRND, Basso et al. 2005 , and gene-gene correlation) yield similar results, though TRND shows a slight improvement over the others ( The solute transport equations is: where C and R are the solid concentration and reaction rate in the solid matrix [M L -3 ]. The governing equations are split into transport and reaction components (Fig F1) . A Galerkin finite element approach is used to discretize the transport equations. As the transport of different chemical species is considered independent of each other, this allows sequential, uncoupled solution. This is done using an iterative conjugate gradient solver. The impact of reaction rates on the concentration fields is then calculated at each computational node using robust solvers for systems of coupled ordinary differential equations. Fig. F1 Schematic of the large scale modeling approach. After model initialization, which includes a definition of the model scenario, the temporal evolution of the concentration field is computed using operator splitting. The transport of solutes is calculated on a finite element grid while the impact of kinetic reactions is implemented through solving a system of ordinary differential equations at each node.
